In this work, we built on these results to implement a method able to continuously detect 1 0 1 patient's motor improvement and adapt the training task for three-dimensional movements 1 0 2 using an upper limb exoskeleton. Indeed, most of the aforementioned adaptive approaches 1 0 3 were restricted to planar workspaces, hindering their applications to functional movements 1 0 4 exploring three-dimensional workspaces, which better resemble those performed during daily 1 0 5 life activities. Evaluating and estimating motor improvement is particularly compelling in 1 0 6 three-dimensional training workspaces, where the visual evaluation of motor performance 1 0 7 becomes more challenging. Under these circumstances, a method able to autonomously 1 0 8 estimate patient training progress, in particular for movements in different directions, could 1 0 9 provide fundamental support to the therapists, enabling them to shift their focus from visual 1 1 0 inspection of the movements performed to other important aspects of training. In this study, 1 1 1 we also aimed at a continuous implementation of the motor improvement estimation and the 1 1 2 personalization routine. Indeed, the immediate task adaptation within training sessions could 1 1 3 not only increase patients' engagement, but also foster their attention control, possibly leading 1 1 4
to improved reaching performances [31] . In order to enable the use of such methods for clinical applications, it is first necessary to 1 1 6 validate their feasibility and safety under controlled experimental conditions. We, therefore, 1 1 7
devised an experiment to test our approach in a group of healthy subjects. In order to mimic 1 1 8 the motor improvement observed in stroke patients, we applied a visual manipulation to the 1 3 8 of stroke patients, the visual feedback was manipulated during five inversion blocks B 1-5 ( Fig.   1  3  9 1c, see Section 5.6.1). Under these circumstances, we tested whether our model was capable 1 4 0 of continuously tracking MI (in this case induced by motor adaptation) and whether our 1 4 1 implementation could personalize the training by identifying adapted movements (i.e., 1 4 2 movements with performance comparable to the non-inverted condition) and by replacing 1 4 3 them with more difficult ones. Despite a general improvement for all participants, the subjects differed considerably in their 1 4 7 adaptation speed, as quantified by the number of new targets introduced during the inversion 1 4 8 blocks B 1-5 . We identified two groups using a median cut and found that the number of new 1 4 9 targets for fast adapters (n = 9, 7.7±1.2 new targets, mean±std over subjects) and slow abilities, granting patient P01 enough time to practice the movements, and at the same time, Upon completion of the full set of training targets (i.e., when all targets had been replaced at 2 7 9 least once), the therapy was carried on by reintroducing all targets and presenting them 2 8 0 alternatingly in the order in which they were replaced. This allowed us assessing whether the 2 8 1 patients' performance was retained once a training target was reintroduced, so as to validate 2 8 2 that the replacements orchestrated by the algorithm had occurred when the movements 2 8 3 towards the targets had actually recovered. In order to do so, we compared the mean values 2 8 4 for MV, SAL, and SUCC from the last four repetitions of a movement before a target was the mean values obtained from the first initial four repetitions of the movements towards a 2 8 8 training target. The overall analysis for all eighteen targets showed that compared to the initial 2 8 9 movements towards the targets, almost all values for the three performance measures were 2 9 0 higher (MV by +8% for P01 and by +12% for P02, SAL by +3% (+10%) and SUCC by +10% 2 9 1 (+0%)) right before the targets were replaced by the algorithm. Moreover, both patients 2 9 2 retained or even improved their performance for a movement when the corresponding training 2 9 3 target was reintroduced at a later stage. For both patients, we found no significant difference 2 9 4 (p > 0.077) for the values of all three performance measures between the two time points (i.e., 2 9 5 before replacement and after reinsertion). These results illustrate that the algorithm only replaced training targets when motor performance had stably improved. More importantly, 2 9 7 both patients have retained these improvements when the training targets were reintroduced at 2 9 8 a later stage, suggesting that the timing of the replacement was appropriate. In this study, we presented and validated a model-based approach for the personalization of and harnessed by our personalization method. training is the definition of performance measures that can correctly capture the different 3 1 1 aspects of motor recovery, as well as their specific dynamics. Three performance measures 3 1 2 were selected based on previous studies [28, 46] and used to devise a state-space model for 3 1 3 MI estimation: movement velocity (MV), spectral arc length (SAL), and robot assistance 3 1 4 dependency (SUCC). In past studies, the selected measures have been shown to correlate with 3 1 5 clinical scores [47] and they have been linked to distinct post-stroke deficits and mechanisms 3 1 6 of recovery [48, 49] . Specifically, the percentage of accomplished tasks was mostly associated 3 1 7 to paresis (i.e., the decreased ability to volitionally modulate motor units activation [50]), whereas movement speed and smoothness were related to an abnormal muscle tone [48] . We therefore hypothesized that considering a combination of these measures was necessary to 3 2 0 obtain a comprehensive assessment of the patient's rehabilitative status. As such, we aimed to 3 2 1 design a model capable of integrating the information coming from these multiple variables 3 2 2 into a single motor performance measure, that could i) allow a better tracking of the patient's 3 2 3 rehabilitation progress, and ii) simplify the design of an automatic and personalized training 3 2 4 protocol, therefore possibly enhancing the efficacy of the robot-aided rehabilitation training. Using the robotic upper limb exoskeleton ALEx [39, 40] , we designed a three-dimensional workspace, but also provided a way to easily assess their performance for the different regions of the workspace (i.e., for different subtasks, represented by the movements towards the 3 3 3 different targets). The reaching task was displayed on a screen mounted in front of the [13]. The choice of a 2D screen was justified by the typically advanced age of post-stroke 3 3 7 patients, who are usually not familiar and, therefore, often discomforted by 3D immersive 3 3 8 reality. In order to preserve the depth perception, the dimension of the target spheres was 3 3 9 modified in accordance with their position in the 3D space. Preliminary data from a group of 3 4 0 age-matched healthy subjects (see Supplementary) showed that performance measures were 3 4 1 not different for targets on the depth axes, confirming that the depth could be properly We first sought to validate the model's ability to continuously track MI and dynamically 3 4 5 adjust the training task under controlled conditions. To this end, we presented a motor 3 4 6 adaptation task to a group of seventeen healthy subjects. In order to mimic the motor deficits adaptation and motor recovery are most likely not equivalent, the main objective of this 3 5 0 experimental design was merely to obtain an adaptation curve that resembles post-stroke 3 5 1 motor recovery, on which we could validate the efficacy of our model. Our results indeed 3 5 2 illustrated that motor adaptation in healthy subjects and motor recovery in stroke patients During the experiments, the MI model tracked when a movement towards a target was observed that the number of new training targets inserted strongly differed across participants, performance measures showed that the fast adapters learned to cope with the manipulated 3 6 3 environment very quickly, while the slow adapters needed considerably more time to reach 3 6 4 similar performances. Interestingly, the two groups already showed differences in motor 3 6 5 performances during the initial assessment. When the visual feedback was manipulated, the 3 6 6 slow adapters presented a strongly reduced speed and motion smoothness. This was 3 6 7 particularly the case earlier before the use of the adaptive algorithm and we, therefore, believe 3 6 8 that the latter did not have an influence on the participants' performance. The MI model, instead, was able to capture these individual performance differences at subtask level and Supplementary material). The analyses illustrated that if motor improvements were estimated 3 7 4 for the reaching task as a whole (i.e., combining the recorded data for movements in all performances of other, more difficult, subtasks. Moreover, the detection of performance 3 7 7 plateaus would not correspond to the actual performances for any subtask. As a result, some at the performance measures of this subject for target 13 separately, it is clear that a 3 8 3 replacement of this target after 5 repetitions would have been premature. We therefore believe 3 8 4 that this analysis further supports our approach to specifically consider MI estimation at 3 8 5 subtask level. As hypothesized in the experimental design, off-axis targets were replaced less often than on-3 8 7 axis targets and they, thus, seemed to be more difficult. However, the results showed that 3 8 8 there were also remarkable performance differences among the on-axis targets. An analysis on 3 8 9 the replaced training targets demonstrated that the subsets of easy (1, 7 and 10) and difficult 3 9 0 (3, 5, 13 and off-axis) targets appeared to be similar for both types of adapters: easy targets 3 9 1 were mostly replaced earlier and more frequently than the difficult ones. It could be that the 3 9 2 medial and proximal movements towards targets 7 and 10 tended to be easier for the participants. However, since these tendencies were not observed in the patients or the healthy subjects involved in the preliminary study (see Supplementary material), we presume that the performance differences for the on-axis targets could be linked to the visually manipulated 3 9 6 environment. Previous studies have investigated visual manipulation in planar reaching 3 9 7 movements and suggested that the adaptation to such manipulations involves a complex 3 9 8 mixture of implicit and cognitive processes [33, 52] . However, further research would be 3 9 9 necessary to examine these phenomena in three-dimensional reaching movements. As a 4 0 0 matter of fact, existing literature covering this area is still relatively sparse. In this context, it 4 0 1 would be interesting to determine why the reaching movements towards some on-axis targets 4 0 2 appeared to be more challenging in the inverted environment, independent from the individual Finally, we would also like to raise the question of psychological implications resulting from with the healthy subjects, we noticed that many participants showed increased motivation and 4 0 7 verbalized satisfaction when new training targets were introduced. Motivation is known to be 4 0 8 a crucial factor in rehabilitation and finding ways to maintain and improve it has always been 4 0 9 a matter of interest [53] [54] [55] . With regard to this issue, it seems like the automated character of 4 1 0 our approach, enabling dynamic and well-timed task adaptation, may have positive impacts The potential of our implementation was finally evaluated in a clinical pilot test with two 4 1 6 subacute stroke patients, who completed four weeks of robot-aided rehabilitation training 4 1 7 following our adaptive approach. The results obtained from these two patients suggested that in general, the selected 4 1 9 performance measures (MV, SAL and SUCC) appeared to be suitable for the use with the 4 2 0 presented motor improvement model and the temporal dynamics appeared to be coherent with 4 2 1 the chosen probability models and with results from previous work [49] . We observed 4 2 2 improvements for all three performance measures following the training. Nevertheless, some 4 2 3 tuning of the parameters could be considered to further enhance the efficacy of the motor 4 2 4 improvement model. For instance, we observed that the patient with a lower degree of initial 49], to achieve a more exhaustive evaluation of the patients' status. Based on the devised method, the training of the two patients following the personalized 4 3 0 rehabilitation protocol was continuously monitored and the point-to-point reaching task was 4 3 1 adapted in real-time to match their level of ability. The analysis showed that targets were 4 3 2
Adaptation to visually manipulated reaching tasks in 3D
indeed replaced by the model at appropriate moments, i.e., when the patients' performance retained when targets were reintroduced, indicating that the estimated recovery was preserved. performance. However, it should be acknowledged that other, more sophisticated, methods to 4 4 3 adapt the schedules may lead to higher gains in rehabilitation and are therefore worth sessions. When comparing the scores of the patients between the second initial assessment 4 5 5 A I,2 and the first final assessment A F,1 , we found that both patient P01 (+8 points) and patient points for P01 and +6 points for P02). In addition to this gain in FMA-UE scores, the 4 5 9 improvement of motor performance, along with its subsequent retention at target reinsertion, settings. Nevertheless, it is also well known that subacute patients often report motor 4 6 2 improvements even with limited training [59] . Therefore, it cannot be presumed that 4 6 3 improvements were merely elicited by the robotic rehabilitation trainings. However, several 4 6 4 pieces of evidence suggested that the period immediately after the lesion, normally improvements in functional tasks [60, 61] . Therefore, more and more robot-aided adjustments in order to continuously challenge their neuromuscular system. Nevertheless, further studies including larger cohorts of participants would be necessary to personalized approach presented in this study with non-adaptive robotic or conventional 4 7 9 rehabilitation trainings. Indeed, previous work has suggested that pseudo-random scheduling In this work, we presented a model-based approach to personalize robot-aided rehabilitation 4 8 7 therapy within rehabilitation sessions. The feasibility of this approach was validated in providing promising results. However, due to the limited sample size, larger studies would be 4 9 0 needed to demonstrate clinical relevance of the presented approach. While we implemented 4 9 1 the proposed method for the use in upper limb rehabilitation of stroke patients, the usage is rehabilitation training, making it more purposive and efficient for the patients. Based on the work of Panarese et al. [28] , we developed a model to continuously estimate 4 9 9 motor improvement (MI) in three-dimensional workspaces using kinematic performance 5 0 0 measures. We then designed a personalization routine, which automatically adapts the 5 0 1 difficulty of the rehabilitative motor task (i.e., a point-to-point reaching task) based on the MI The presented approach was then tested with two subacute stroke patients. In order to continuously track patients' MI at subtask level (i.e., for a series of point-to-point 5 0 7 reaching movements in different directions), we used a state-space model. MI was modelled 5 0 8 as a random walk: use of log-linear models allowed capturing rapid increases (or decreases) of the performance for motor performance measures in stroke patients was previously demonstrated [28, 49] .
2 1
Similarly, an observation equation for a discrete performance measure n k was defined. The with 1 meaning that the subtask was performed successfully and 0 meaning failure. The observation model for n k was assumed to be a Bernoulli probability model:
where p k , the probability of performing the subtask successfully at repetition k, was related to 5 2 6 MI k by a logistic function: would approach 1 with increasing MI.
2 9
The model parameters {α j , β j , σ δ ,j , σ , p k } were estimated for each individual subject using the 5 3 0 recordings of r j,k and n k (i.e., kinematic recordings from the robotic device, see Section 2.4) necessary that the number of recordings of r j,k and n k exceeded the number of parameters.
3 4
Based on simulations performed with varying number of data points (see Supplementary   5 3 5 material), the minimum number of data points for MI estimation was set to 8. In order to 5 3 6 validate the capability of the proposed approach to appropriately capture variable dynamics of 5 3 7
the performance measures, we simulated different rehabilitation scenarios under varying 5 3 8
conditions (see Supplementary material) . As we aimed at estimating MI at subtask level, 5 3 9
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